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HIERARCHICAL MODELING IN MEDICAL
ABNORMALITY DETECTION

RELATED APPLICATIONS

The present patent document 1s a continuation-in-part of
application Ser. No. 10/876,803, filed Jun. 25, 2004, and

claims the benefit of the filing date under 33 U.S.C. §119(e) of
Provisional U.S. Patent Application Ser. No. 60/543,076,

filed Feb. 9, 2004, both of which are hereby incorporated by
reference.

BACKGROUND

The present mnvention relates to detection of medical
abnormalities. In particular, abnormalities are diagnosed
through application of a model.

Medical information, such as images, 1s analyzed to auto-
matically 1identify an abnormality. Various imaging systems
are available, such as computed tomography, magnetic reso-
nance, X-ray, nuclear medicine, ultrasound, positron emission
tomography or other imaging. In addition to 1maging infor-
mation, other climical information, such as age, medical his-
tory, symptoms, or other indicators of a likelihood of coro-
nary artery disease, are gathered and used for the assessment.

Classifiers are applied to the obtained data to diagnose any
abnormality. Different abnormalities may be distinguished by
the classifiers. For binary classification, a classifier distin-
guishes between two classes, such as normal and abnormal.
Where three or more different classes exist, one versus all the
rest or one versus one classification 1s applied. By performing,
a plurality of different classifications, a class represented by
the data 1s 1dentified.

Cardiac wall motion 1s analyzed to detect abnormalities.
For example, echocardiography (e.g., stress echo) includes
segmented wall motion analysis. The left ventricle wall 1s
divided 1nto a plurality of segments (e.g., 16 or 17) according
to a standard recommended by the American Society of
Echocardiography (ASE). Various standardized ultrasound
views are obtained to acquire image data information for each
left ventricular segment. The views are standardized such that
plurality of segments 1s roughly in line with a presumed
distribution of three major coronary artery segments. The
echocardiographer visually inspects the acquired image data
to access global function and regional abnormalities. Based
on the cardiographer’s assessment, a wall motion score 1s
assigned to each segment 1n accordance with the ASE scoring
scheme. The absolute and relative systolic excursion and
timing of excursion is assessed to provide a report of negative
(non-pathological) or positive (pathological) findings. The
scoring system ranks are normal, hypokinesia, akinesia, dys-
kinesia and aneurysm. Such wall motion diagnosis may
require significant training and experience on the part of the
echocardiographer.

BRIEF SUMMARY

By way of introduction, the preferred embodiments
described below include methods and systems for modeling
of medical abnormality detection or for detecting abnormali-
ties. Hierarchal modeling 1s used to distinguish one state from
three or more states. In a first stage, a normal or other state 1s
distinguished from a diseased or other groups of states. If the
results of the first stage classification indicate diseased or data
within the group of different states, a subsequent stage of
classification 1s performed. In a subsequent stage of classifi-
cation, the data 1s classified to distinguish one or more other
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states from the remaining states. Using two or more stages,
medical information 1s classified by eliminating one or more
possible states 1n each stage to finally identify a particular
class most appropriate or probable for the data.

In a first aspect, a method 1s provided for modeling medical
abnormality detection. Medical data representing one of at
least three possible ranked states 1s obtained. With a proces-
sor, the medical data 1s classified between a first state and a
group 1ncluding at least two other states. Medical data 1s also
classified with the processor between the second and third
states. The second classification may be avoided where as the
first classification indicates existence in the first state. Alter-
natively, multiple stages of classifications are performed even
with a highly probable classification for comparison of prob-
abilities.

In a second aspect, a system 1s provided from modeling 1n
medical abnormality detection. A memory 1s operable to store
medical data representing at least one of three possible ranked
states. A processor 1s operable to apply to the medical data a
first classifier 1n a hierarchal model. The first classifier 1s
operable to distinguish between first and second groups of
states of the at least three possible ranked states. The proces-
sor 1s also operable to apply to the medical data a second
classifier 1n the hierarchal model. The second classifier 1s
operable to distinguish between third and fourth groups of
states of the at least three possible states. The third and fourth
groups are sub-sets of the second group of states. The third
and fourth groups are each free of states in the first group of
states.

In a third aspect, a method 1s provided for detecting a
medical abnormality. A hierarchal model of at least two clas-
sifiers 1s applied to medical data. The first classifier 1s oper-
able to distinguish between normal and disease states. The
second classifier 1s operable to distinguish between a first
diseased state and at least a second diseased state. Which of
the normal state, first diseased state and second diseased state
1s represented by the medical data 1s 1dentified as a function of
the application of the hierarchal model.

In a fourth aspect, a computer readable storage media 1s
provided. Instructions are stored in the storage media for
execution by a programmed processor for detecting medical
abnormality. Multiple classifiers in a hierarchal model are
applied to 1dentily a most appropriate state of at least three or
more states for the medical data.

The present invention 1s defined by the following claims,
and nothing 1n this section should be taken as a limitation on
those claims. Further aspects and advantages of the invention
are discussed below 1in conjunction with the preferred
embodiments and may be later claimed 1independently or 1n
combination.

BRIEF DESCRIPTION OF THE DRAWINGS

The components and the figures are not necessarily to
scale, emphasis instead being placed upon illustrating the
principles of the mvention. Moreover, in the figures, like
reference numerals designate corresponding parts throughout
the different views.

FIG. 1 1s a block diagram of one embodiment of a system
for applying a hierarchal model;

FIG. 2 1s a flow chart diagram showing one embodiment of
a hierarchal model process; and
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FIG. 3 1s another embodiment of one stage of a huerarchal
model for classification.

DETAILED DESCRIPTION OF THE DRAWINGS
AND PRESENTLY PREFERRED
EMBODIMENTS

Hierarchal modeling i1s applied for classification. Rather
than one versus all or one versus one schemes to 1dentify a
class, multiple stages are applied for distinguishing different
groups of classes from each other 1n a hierarchal approach.
Rather than classitying class one versus class two and class
one versus class three and class one versus class four, class
one 1s distinguished from the other classes. Assuming class
one 1s not appropriate, class two or another class in the other
classes group 1s then distinguished from the other remaining
classes. In a cardiac wall motion example using a five level
wall motion scoring, only four classifiers may distinguish
between the five states.

The distribution of patient’s records among normal cases
and diseased cases may be imbalanced. For example, in the
ASE scoring scheme, in general the more severe the abnor-
mality, the fewer the number of segments that will have that
abnormality. In one distribution of records, 1t was found that
tor each level of abnormality, the number of segments found
to have that abnormality was reduced by 5. That 1s, 1n this
particular distribution, there were 8 times more normal seg-
ments than hypokinetic segments, and 8 times more hypoki-
netic segments than akinetic segments, etc. Applying hierar-
chal modeling reduces the extent of distribution 1mbalance 1n
cach of the sub-classifications problems or stages of the hier-
archy. The skewed distribution 1s moderated. Hierarchal
modeling may also reduce the risk of misclassitying a major-
ity of cases where a highly accurate classifier 1s not available.
For example, dyskinetic and aneurysmal segments are quite
rare. Where learning or training methods are used for classi-
fication, an msuificient number of training examples may be
available for dyskinesia and aneurysms, resulting 1n a less
distinguishing classifier. Rather than incorporate the less dis-
tinguishing classifier into a classification scheme also used
for more common cases, the hierarchal model may 1solate the
classifiers 1 less common circumstances.

FI1G. 1 shows a system 10 for modeling medical abnormal-
ity detection. The system 10 includes a processor 12, a
memory 14 and a display 16. Additional, different or fewer
components may be provided. The system 10 1s a personal
computer, workstation, medical diagnostic imaging system,
network, or other now known or later developed system for
automatically classiiying medical information with a proces-
sor. For example, the system 10 1s a computer aided diagnosis
system. Automated assistance 1s provided to a physician for
classilying a state appropriate for given medical information,
such as the records of a patient. In one embodiment, assis-
tance 1s provided for diagnosis of heart diseases or medical
conditions, but abnormality diagnosis may be performed for
other medical abnormalities, such as associated with the
lungs or other organs. The automated assistance 1s provided
alter subscription to a thuird party service, purchase of the
system 10, purchase of software or payment of a usage fee.

The processor 12 1s a general processor, digital signal
processor, application specific mtegrated circuit, field pro-
grammable gate array, analog circuit, digital circuit, combi-
nations thereol or other now known or later developed pro-
cessor. Any of various processing strategies may be used,
such as multi-processing, multi-tasking, parallel processing
or the like. The processor 12 1s responsive to instructions
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stored as part of software, hardware, integrated circuits, film-
ware, micro-code and the like.

In one embodiment, the processor 12 implements a model
or classification system programmed with desired thresholds,
filters or other indicators of class. For example, recommen-
dations or other procedures provided by a medical institution,
association, society or other group are reduced to a set of
computer 1nstructions. In response to patient information
automatically determined by a processor or input by a user,
the classifier implements the recommended procedure for
scoring or 1identifying normal or abnormal states. In an alter-
native embodiment, the system 10 1s implemented using
machine learning techniques, such as training a neural net-
work using sets of training data obtained from a database of
patient cases with known diagnosis. The system 10 learns to
analyze patient data and output a diagnosis. The learning may
be an ongoing process or be used to program a filter or other
structure 1mplemented by the processor 12 for later existing
cases.

The memory 14 1s a computer readable storage media.
Computer readable storage media include various types of
volatile and non-volatile storage media, including but not
limited to random access memory, read-only memory, pro-
grammable read-only memory, electrically programmable
read-only memory, electrically erasable read-only memory,
flash memory, magnetic tape or disk, optical media and the
like. In one embodiment, the instructions are stored on a
removable media drive for reading by a medical diagnostic
imaging system or a workstation networked with imaging
systems. An 1maging system or work station uploads the
instructions. In another embodiment, the instructions are
stored 1n a remote location for transfer through a computer
network or over telephone lines to the imaging system or
workstation. In yet other embodiments, the instructions are
stored within the 1imaging system on a hard drive, random
access memory, cache memory, builer, removable media or
other device.

The memory 14 1s operable to store instructions executable
by the program processor 12. The instructions are for detect-
ing a medical abnormality or modeling medical abnormality
detection. The functions, acts or tasks i1llustrated in the figures
or described herein are performed by the programmed pro-
cessor 12 executing the instructions stored 1n the memory 14.
The functions, acts or tasks are independent of the particular
type of mstructions set, storage media, processor or process-
ing strategy and may be performed by software, hardware,
integrated circuits, film-ware, micro-code and the like, oper-
ating alone or 1n combination.

Medical data 1s input to the processor 12 or the memory 14.
The medical data 1s from one or more sources of patient
information. For example, one or more medical images are
input from ultrasound, MRI, nuclear medicine, x-ray, com-
puter themography, angiography, and/or other now known or
later developed 1maging modeality. Additionally or alterna-
tively, non-image medical data 1s mput, such as clinical data
collected over the course of a patient’s treatment, patient
history, family history, demographic information, billing
code information, symptoms, age, or other indicators of like-
lihood related to the abnormality detection being performed.
For example, whether a patient smokes, 1s diabetic, 1s male,
has a history of cardiac problems, has high cholesterol, has
high HDL, has a high systolic blood pressure or 1s old may
indicate a likelthood of cardiac wall motion abnormality.

The information 1s input by a user. Alternatively, the infor-

mation 1s extracted automatically, such as shown No. 10/287,
055 filed on Nov. 4, 2002, entitled “Patient Data Minming”)

(Ser. No. 10/287,085, filed on Nov. 4, 2002, entitled “Patient
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Data Mining For Cardiology Screening”), which are incor-
porated herein by reference. Information 1s automatically
extracted from patient data records, such as both structured
and un-structured records. Probability analysis may be per-
formed as part of the extraction for veritying or eliminating
any 1mconsistencies or errors. The system may automatically
extract the information to provide missing data 1n a patient
record. The processor 12 performs the extraction of informa-
tion. Alternatively, other processors perform the extraction
and 1nput results, conclusions, probabilities or other data to
the processors 12.

The medical data 1s stored in the memory 14. The memory
14 stores medical data representing one of at least three pos-
sible states or classes. In one embodiment, the states are
relatively ranked. For example, the five ranked states for
cardiac wall motion are used.

The processor 12 implements a classification model for
analyzing extracted parameters or other medical data using
one or more classifiers. In one exemplary embodiment, the
processor 12 classifies a state of cardiac wall motion abnor-
mality based on medical data. The same or difierent classifi-
ers are implemented in a plurality of stages to score each
segment or overall heart wall motion. Wall motion score for
cach of the various segments of the left ventricle of the heart
1s performed 1n accordance with the ASE standard or other
standards. Using the recommended views of A4C, A2C,
PSAX, PLAX and ALAX, B-mode views are used to obtain
quantities, parameters, data or other information associated
with each of the segments. Other standards for same or dif-
terent medical conditions may be used by the processor 12 or
model.

The processor 12 1s operable to apply different classifiers in
a hierarchal model to the medical data. The classifiers are
applied sequentially. The first classifier 1s operable to distin-
guish between different groups of states. For example, a clas-
sifier distinguishes between first and second groups of states.
As used herein, a group of states may include a single state.
For example, a first group 1s a normal state and a second group
includes a plurality of different disease states. The plurality of
disease states includes two or more additional states or other
turther groupings.

In one embodiment, a state 1s definitively identified as
associated with the medical data. For example, a normal state
1s 1dentified relative to all diseased states. Since the data 1s
associated with a normal state, the classification pursuant to
the hierarchal model ends. Alternatively, classification con-
tinues and probabilities are assigned to each of the states. The
state with the highest probability 1s then selected as the state
for a given medical record.

After the first classification or stage in the hierarchal
model, a second classification or stage i1s performed. The
second classifier 1s operable to distinguish between remain-
ing groups of states from the original states. The remaining
groups of states are a sub-set of the original possible states
without any states ruled out or assigned a probability in a
previous stage. For example, the remaining states include
four diseased states. The second classifier 1s operable to 1den-
tily one diseased state from the other three diseased states.
The classifier 1s free of considerations of whether the data 1s
associated with any ruled out or already analyzed states, such
as a normal state from preceding stage of the hierarchal
model. Given the different purposes or expected states, the
classifiers in each of the stages may be different, such as
applying different thresholds, using different information,
applying different waiting, trained from different datasets, or
other differences.
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The processor 12 implements additional classifiers to 1den-
tify a state associated with medical data. For example, two or
more different classifiers are provided. Alternatively, two or
more classifiers within the hierarchal model are the same, but
applied to different datasets. In the myocardial wall example,
four different classifiers are applied 1n four different stages to
identify one of five possible states. Alternatively, three clas-
sifiers are applied to 1identity four possible states where one of
the possible states includes more than one diseased condition
or abnormality.

The display 16 1s a CRT, monaitor, tlat panel, LCD, projec-
tor, printer or other now known or later developed display
device for outputting determined information. For example,
the processor 12 causes the display 16 at a local or remote
location to output data indicating a state associated with a
grven medical record, probability associated with the one or
more states, or other process related information. The output
may be stored with or separate from the medical data.

FIG. 2 shows one embodiment of a method for detecting a
medical abnormality. The method represents modeling medi-
cal abnormality detection. The method 1s implemented using
the system 10 of FIG. 1 or a different system. Additional,
different or fewer acts than shown 1n FIG. 2 may be provided
in the same or different order. For example, acts 24, 30, 36
and/or 42 may not be performed in response to user mput or
automatically.

The tlow chart shown 1n FIG. 2 1s for applying a hierarchal
model to medical data for 1dentifying cardiac wall motion
scores or abnormality. The same of different hierarchal model
may be used for detecting other abnormalities, such as other
cardiac abnormalities or abnormalities associated with other
organs or tissue.

In Act 20, medical data representing one of at least three
possible states 1s obtained. For example, the medical data 1s
obtained automatically, through user input or a combination
thereol for a particular patient or group of patients. In the
example of FIG. 2, the medical data 1s for a patient being
analyzed with respect to cardiac wall motion. Using the ASE
standard, the medical data 1s associated with one of five
different states—mnormal, hypokinesia, akinesia, dyskinesia
and aneurysm. In alternative embodiments, a disease state 1s
assumed and a normal state 1s not provided. A greater or fewer
number of disease states may be provided.

In Act 22, a hierarchal model with at least two classifiers 1s
applied to the medical data obtained 1n Act 20. The hierarchal
model distinguishes between various states associated with
the medical data. For example, the hierarchal model distin-
guishes between normal, hypokinesia and akinesia states.
Different or the same classifiers are sequentially applied to
the data in the hierarchal model. For example as shown in
FIG. 2, four different classifiers are applied in sequential
order. The later occurring applications of classifiers are only
performed when the previous applications did not identify
one or more states with a desired probability. It a prior clas-
sifier indicates a singular or multiple states with suificient
accuracy, the process may end or may branch. The subsequent
classifications on the branch of the hierarchal model not
appropriate for a given medical record are not applied. Alter-
natively, all or a set number of classifiers are applied for
determining relative probabilities. By applying the hierarchal
model 1n Act 22, a state represented by the medical data 1s
identified.

In Act 24, a first stage of classification 1s performed. A
processor automatically classifies medical data between one
group of states and another group of states. For example and
as shown 1 FIG. 2, the classiiying of Act 24 classifies
between a normal state shown at 26 and four possible disease
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states shown at 28. The disease states represent all possible
disease states but may alternatively represent tewer than all
possible disease states. For example, the disease states repre-
sent hypokinesia, akinesia, dyskinesia and aneurysm states.
As another example, the classification 1s between a group of
two or more states and another group of two or more states.

Where the classifying of Act 24 indicates a single or con-
clusory state, such as the normal state 26, the process may
cease or end. Alternatively, the classitying of Act 24 rules out
one or more states, such as the normal state 26. The classity-
ing 1indicates the medical data 1s associated with one or more
ol the disease states shown at 28.

The classification 1s performed with neural network, filter,
algorithm, or other now-known or later developed classifier
or classification technique. The classifier 1s configured or
trained for distinguishing between the desired groups of
states. The mputs to the classifier include one, more, a subset
or all parameters suggested by a medical standard or other
selected parameters for distinguishing between different
groups ol states. For example, the classification disclosed 1n
(application Ser. No. 10/876,803), the disclosure of which 1s
incorporated herein by reference, 1s used. The mputs are
received directly from a user, determined automatically, or
determined by a processor 1n response to or with assistance
from user mput.

For automatic determination, data miming may be used for
determining clinical information, such as the age or other
medical information for a particular patient. Image analysis
may be performed with a processor or automatically for 1den-
tifying other characteristics associated with the medical data.
For example, ultrasound images are analyzed to determine
wall motion, wall thickening, wall timing and/or volume
change associated with a heart or myocardial wall of the
heart. Additional, different or fewer parameters derived from
image mformation may be used. The process 1s performed
separately for each segment.

Any portion of the heart may be tracked for motion data.
For example, the inner heart wall 1s tracked to determine an
amount ol contraction, amount of expansion, a difference
between maximum and minimum contraction, a difference in
the amount of motion between different portions of the heart,
a velocity, a timing of the motion, an acceleration or other
characteristic of motion of the heart. A global shape or local
motion, such as an endocardial wall or epacardial wall, 1s
tracked. The motion 1s tracked by identifying one or more
regions of interest, such as 1n response to user imput or auto-
matic border detection. The same or similar region 1s 1denti-
fied 1n a series of 1images using the minimum sum of absolute
differences, correlation, Doppler based velocity information
or other techmques for determiming motion parameters of an
identified region. In one embodiment, the methods described
(Ser. No. 10/794,476, filed on Mar. 5, 2003), the disclosure of
which 1s mcorporated herein by reference, are used. One or
more motion tracking parameters are calculated and output
for use 1n classification to characterize a state associated with
the patient data.

To determine one or more thickening parameters, the inner
and outer borders of the myocardial wall or other portion of
the heart are determined. The contours are determined over a
time frame, such as during the systole phase, to indicate an
amount of wall thickening over the time frame. The thickness
1s determined at a user indicated region, an automatically
detected region or at a plurality of regions. An average or
separate parameters may be calculated for each of the plural-
ity of regions. Using the known scan pattern, the distance
between the mmner and outer wall at the desired regions 1s
determined. Inner and outer boundaries are determined 1n
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response to user input or automatically. For automatic deter-
mination, automatic border detection may be provided. For
example, a gradient associated with a sequence of 1mages 1s
determined to indicate outer and inner wall boundaries
through the sequence. Other methods may be used, such as

described (application Ser. No. 10/794,4776), (application Ser.
No. 10/991,933, filed on Oct. 1, 2004), (application Ser. No.

10/9577,380, filed on Nov. 18, 2004 ), the disclosures of which
are mncorporated herein by reference.

Using the same or different border detection techniques, a
volume, a volume change, volume tlow, volume ejection frac-
tion or other volume characteristic associated with the heart 1s
determined. For example, the left ventricle volume change
between systole and diastole phases 1s determined. The inner
contour of the myocardial wall or other heart boundary 1s
tracked. An area associated with the boundary 1n a particular
view 1s determined. Where the boundary has gaps, the gaps
are filled by curve fitting or a linear connection between
closest end points. The area 1s then converted to a volume
using any now known or later developed approximations.
Where three-dimensional imaging data 1s available, the vol-
ume may be calculated without approximation or extrapola-
tion.

One or more timing parameters imndicate relative motion of
different portions of the heart, such as indicating relative
motion of the septum and the lateral wall. The difference in
onset of motion relative to the heart cycle of two or more
locations of the heart indicates a level of asynchrony or dys-
ynchrony. Difference 1s in total time of motion, onset of
motion, completion of motion or other timing events may be
used. In one embodiment, the asynchrony calculations or

phase information disclosed (application Ser. No. 11/051,224
filed on Feb. 4, 2005 and entitled CARDIAC WALL

MOTION ASYCHRONY ANALYSIS IN APICAL FOUR-
CHAMBER VIEW WITH ECHO PHASE IMAGING) Pro-
visional Ser. No. 60/542,121), or (application Ser. No.
10/713,453, filed on Nov. 14, 2003), the disclosures of which
are mncorporated herein by reference, are used. For example,
a sequence of 1mages 1s analyzed to determine the onset time
of periodical motion. Pixel intensity changes in two or three
dimensional 1mage sequences are analyzed with a Fourier
transform. The relative phases of the first or fundamental
harmonic to the heart cycle identifies the onset time of motion
for different regions.

In Act 30, medical data 1s classified between the remaining
groups of states. A processor applies a classifier to the medi-
cal data, such as the same medical data obtained 1n Act 20 and
used in Act 24 or different medical data. In the example shown
in FIG. 2, the classifying of Act 30 distinguishes between
groups ol disease states, such as distinguishing between
hypokinesia at 32 and the remaiming disease states of akine-
s1a, dyskinesia and aneurysm at 34. The classifier applied 1n
Act 30 1s the same or different than the classifier applied in
Act 24. The classification 1s performed 1n response to the
same or different mput parameters. Since one or more states
have been ruled out, the classitying of Act 30 1n one embodi-
ment uses parameters and a classifier selected for distinguish-
ing between the desired disease states without distinguishing
any ruled out states. The classification 1s more focused on and
more likely to accurately distinguish between the different
remaining states.

In Act 36, the medical data 1s classified between the
remaining medical states. For example and as shown in FIG.
2, the classifier applied in Act 36 1dentifies a single state of
akinesia at 38 from to other possible states of dyskinesia and
aneurism at 40. Classification 1s performed using the same or
different classifier and/or input parameters than used 1n Acts
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24 or 30. In Act 42, the processor classifies the medical data
between the two remaining states of dyskinesia at 44 and
aneurysm at 46. Each classification 1s focused on classitying
between remaining states or different groups of remaining
states. Different parameters, inputs, data, algorithms, classi-
fiers, or other characteristics are applied since one or more
other states have been ruled out.
In the hierarchal structure shown 1n FIG. 2, four classifiers
or separate classifications are performed to distinguish
between five possible states. Since each of the states 1s asso-
ciated with a ranked order, such as from normal to the most
severe, a linear tree structure 1s provided.
FIG. 3 shows an alternative embodiment of Act 50 for the
classification shown in Act 36. In Act 350, the remaining
possible three states from Act 34 are classified. In particular,
a processor classifies medical data to distinguish a mid level
state of three ranked states ifrom the less and more severe
states. For example, the dyskinesia state at 44 1s classified or
distinguished from akinesia and aneurism states at 52. Sub-
sequent classification may then be used to distinguish
between the akinesia and aneurism states at 52. Other changes
in the order of classification may be performed within the
structure shown 1n FIG. 2. The order of the classifications
may be altered, such as distinguishing between (a) one or
more disease states and (b) a normal and other disease states.
Other combinations of groups of states may be distinguished
from other groups of states, such as distinguishing normal and
hypokinesia from more severe states or distinguishing
hypokinesia and dyskinesia from normal, akinesia and aneur-
ism states. Additional branches in the model distinguish
between the remaining states based on a distinction or clas-
sification 1n a previous stage.
Processor implementation of the hierarchal model may
tully distinguish between all different possible states or may
be truncated or end depending on the desired application. For
example, medical practitioners may be only interested 1n
whether the state associated with the patient record 1s normal,
minor diseased or more severely diseased, such as distin-
guishing between the normal, hypokinesia and more severe
situations. The process may then terminate. The learning
processes or other techniques for developing the classifiers
may be based on the desired classes or states rather than the
standard model states.
While the invention has been described above by reference
to various embodiments, 1t should be understood that many
changes and modifications can be made without departing
from the scope of the invention. It 1s therefore intended that
the foregoing detailed description be regarded as illustrative
rather than limiting, and that 1t be understood that it 1s the
tollowing claims, including all equivalents, that are intended
to define the spirit and scope of this invention.
We claim:
1. A method for modeling in medical abnormality detec-
tion, the method comprising:
obtaining medical data representing characteristics of a
patient and corresponding to one of at least five possible
ranked states, the at least five possible ranked states
being a first, a second, fourth and fifth state;

hierarchically classifying with a processor the medical data
between the first state and a group of at least the second,
third, fourth and fifth states;

hierarchically classitying with the processor the medical

data between the second state and a group of at least the
third, fourth and fifth states;

hierarchically classitying with the processor the medical

data between the third state and a group of at least the
fourth and fifth states;
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hierarchically classifying with the processor the medical
data between the fourth state and at least the fifth state;
and

displaying an output indicating an actual state, determined

from the classitying acts, of the patient.

2. The method of claim 1 wherein the at least five possible
ranked states comprise five cardiac wall motion states, the
first state being a normal state.

3. The method of claim 2 wherein classifying between the
first state and the group of at least the second, third, fourth and
f1fth state comprises classiiying between the normal state and
all disease states, the disease states including the second and
third states of the five cardiac wall motion states, and wherein
classitying between the second and a group of at least the
third, fourth and fifth states comprises classilying between
one or more of the disease states and one or more different
ones of the disease states, the disease states comprising
hypokinesia, akinesia, dyskinesia, and aneurysm.

4. The method of claim 2 wherein classifying between the
first state and the group of at least the second, third, fourth and
fifth states comprises classifying between the normal state
and all disease states, the disease states including the second
and third states of the five cardiac wall motion states, and
wherein classifying between the second state and a group of
at least the third, fourth and fifth states comprises classitying
between the second state and three other disease states:

turther comprising;:

classifying between the third state and two other disease

states; and

classitying between the fourth state and the fifth state.

5. The method of claim 1 wherein classifying between the
first state and the group of at least the second, third, fourth and
fifth states 1s performed before classiiying between the sec-
ond state and a group of at least the third, fourth and fitth
states, classilying between the first state and the group of at
least the second, third, fourth and fifth states being operable to
rule out the first state from possible states.

6. The method of claim 1 wherein classitying between the
first state and the group of at least the second, third, fourth and
fifth states comprises classifying between (a) another group
comprising the first state and a fourth state and (b) the group
of at least the second, third, fourth and fifth states.

7. The method of claim 1 wherein a number of classiiying
acts 1s one less than a total number of possible ranked states.

8. The method of claim 1 wherein classifying between the
first state and the group of at least the second, third, fourth and
fifth states 1s performed as a function of a different process or

parameter than classifying between the second state and a
group of at least the third, fourth and fifth states.

9. A system for modeling 1n medical abnormality detec-
tion, the method comprising:

a memory operable to store medical data representing one
of at least three possible ranked states;

a processor operable to apply to the medical data a first
classifier 1n a hierarchal model, the first classifier oper-
able to distinguish between first and second groups of
states of the at least three possible ranked states, and the
processor operable to apply to the medical data a second
classifier in the hierarchal model, the second classifier
operable to distinguish between third and fourth groups
of states of the at least three possible states, the third and
fourth groups being sub-sets of the second group of
states and each being free of states of the first group of
states; and

a display for displaying an output indicating an actual state,
determined from the classifiers, of the patient.




US 7,653,227 B2

11

10. The system of claim 9 wherein the at least three pos-
sible ranked states comprise cardiac wall motion states.

11. The system of claim 9 wherein the first group comprises
a normal state, the second group comprises at least first and
second disease states, the third group comprises at least the
first disease state and the fourth group comprises at least the
second disease state.

12. The system of claim 9 wherein the processor 1s operable
to apply the first classifier before the second classifier and
operable to apply at least a third classifier in the hierarchal
model after the second classifier.

13. The system of claim 9 wherein the first group consists
ol a first state and the second group comprises the third and
fourth groups.

14. The system of claim 9 wherein the first classifier 1s
different than the second classifier.

15. A method for detecting a medical abnormality, the
method comprising:

applying with a processor a hierarchal model of at least

four classifiers to medical data representing a patient, the
first classifier operable to distinguish between a normal
state and disease states, the second classifier operable to
distinguish between a first disease state and at least a
second disease state, the third classifier operable to dis-
tinguish between the second disease state and at least a
third disease state, the fourth classifier operable to dis-
tinguish between the third disease state and at least a
fourth disease state:

identifying which of the normal state, first disease state,

second disease state, third disease state, and fourth dis-
case state 1s represented by the medical data as a function
of the applying; and

outputting the 1dentified slate of the patient.

16. The method of claim 15 wherein applying comprises
distinguishing between the normal state, the first disease state
comprising a hypokinesia state, and the second disease state
comprising an akinesia state, the distinguishing being per-
tformed with sequential application of the first and second
classifiers.

17. The method of claim 135 wherein the first classifier 1s
operable to distinguish between (a) the normal state and (b)
all disease states, the disease states including hypokinesia,
akinesia, dyskinesia, and aneurysm states, the second classi-
fier operable to distinguish between (a) the hypokinesia state
and (b) akinesia, dyskinesia, and aneurysm states; wherein
the third classifier 1s operable to distinguish between (a) the
akinesia state and (b) dyskinesia mad aneurysm states, and
the fourth classifier 1s operable to distinguish between (a) the
dyskinesia state and (b) the aneurysm state; and

wherein the first, second, third and fourth classifiers are

applied in sequential order, the later occurring applica-
tions only being performed where the previous applica-
tions indicated (b) states.
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18. The method of claim 15 wherein applying the hierar-
chal model comprises applying the first classifier prior to the
second classifier, and applying the second classifier only 1f the
first classifier indicates the medical data to not represent a
normal state.

19. In a computer readable storage media having stored
therein data representing instructions executable by a pro-
grammed processor for detecting medical abnormality, the
storage media comprising nstructions for:

applying a hierarchal model of at least four classifiers to
medical data, the first classifier operable to distinguish
between a normal state and disease states, the second
classifier operable to distinguish between a first disease
state and at least a second disease state, the third classi-
fier operable to distinguish between the second disease
state and at least a third disease state, the fourth classifier
operable to distinguish between the third disease state
and at least a fourth disease state; and

identifying which of the normal state, first disease state,
second disease state, third disease state, and fourth dis-
case state 1s represented by the medical data as a function
of the applying.

20. The mstructions of claim 19 wherein applying com-
prises distinguishing between the normal state, the first dis-
case state comprising a hypokinesia state, and the second
disease state comprising a akinesia state, the distinguishing

being performed with sequential application of the first and
second classifiers.

21. The mstructions of claim 19 wherein the first classifier
1s operable to distinguish between (a) the normal state and (b)
all disease states, the disease states including hypokinesia,
akinesia, dyskinesia, and aneurysm states, the second classi-
fier operable to distinguish between (a) the hypokinesia state
and (b) akinesia, dyskinesia, and aneurysm states;

wherein the third classifier 1s operable to distinguish
between (a) the akinesia state and (b) dyskinesia and
aneurysm states, and the fourth classifier 1s operable to
distinguish between (a) the dyskinesia state and (b) the
aneurysm state; and

wherein the first, second, third and fourth classifiers are
applied 1n sequential order, the later occurring applica-
tions only being performed where the previous applica-
tions indicated (b) states.

22. The mstructions of claim 19 wherein applying the
hierarchal model comprises applying the first classifier prior
to the second classifier, and applying the second classifier
only 1f the first classifier indicates the medical data to not
represent a normal state.
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